Abstract: For hybrid systems which incorporate both dynamical and discrete event models in process industries, the mass balance models will be changed because of discrete scheduling events. The redundancy degree of whole sensor network is time variant so that the conventional data reconciliation is very difficult to be implemented. In this paper a new approach of data reconciliation for hybrid system is proposed and its industrial application is discussed. The whole process includes 15 units and more than 100 tanks. Comparing with AspenTech Advisor, the application results demonstrate the efficiency and consistency of the proposed approach.
INTRODUCTION
Measurements in a chemical process are subject to errors, both random and systematic, so that the laws of conservation of mass and energy are not obeyed. In order to record the performance of the process, these measurements are adjusted in order that they conform to the conservation laws and any other constraints imposed upon them. This procedure is known as data reconciliation (Crowe, 1996) .
For refinery, the most common technology is based on steady-state data reconciliation (Crowe, et al., 1983) . But the conventional steady-state linear data reconciliation based on mass balance is insufficient sometimes. For hybrid systems which incorporate both dynamical and discrete event models in process industries, the mass balance models will be changed 1 Author to whom correspondence should be addressed Phone: 86-571-87951125 Fax: 86-571-87951445 Email: grong@iipc.zju.edu.cn because of discrete scheduling events. The redundancy degree of whole measurement network is time variant so that the traditional data reconciliation methods can hardly be applied in practical process. Some attempts to the problem have already been recently presented (Mandel, et al., 1998; Maquin, et al., 2000) . The Aspen Advisor system includes a powerful Expert system used to calculate missing stream flows, identify and reconcile data discrepancies. But in the practical application, the reconciliation results are unsatisfactory.
In this paper a new approach of data reconciliation for hybrid systems is proposed. The new method includes three parts: measurement network reconstruction, gross error detection and reconciliation algorithm. Most importantly, the proposed approach is employed on a industrial plant. Comparing with AspenTech Advisor, the application results demonstrate the efficiency and consistency of the proposed approach. This paper is organized as follows. It begins with a brief description of the process under consideration, followed by the proposed approach of data reconciliation for hybrid systems. The application results are discussed in Section 4 and Section 5 concludes the whole paper. 
PROCESS DESCRIPTION AND MASS BALANCE MODEL
Where A is matrix corresponding to measured variables, B is matrix corresponding to unmeasured variables, x is vector of measured variables, u is vector of unmeasured variables.
As shown in Fig 1, 
APPROACH OF DATA RECONCILIATION FOR HYBRID SYSTEMS
A scheduling event consists of some useful information and can be taken into account. For those nodes where the discrete scheduling events may happen, equations that consist of the information are established and added to the models. These equations are defined as random scheduling-equations. In this way, the redundancy degree of the model is improved. Then its optimal solution can be obtained by applying a reconciliation algorithm with uncertain models (Maquin, et al., 2000) . In order to guarantee that the measurement errors are normally distributed with zero mean and known covariance matrix V, the gross errors are identified and eliminated with the aid of an adaptation of the NT (Nodal test) (Mah, et al., 1976) algorithm. The details of the proposed approach are described as follows.
Measurement network reconstruction
As shown in Fig 1 , the redundancy degree of the model is too low to use matrix projection method (Crowe, et al., 1983) . The mass balance model should be reconstructed. Assume there are s scheduling events on node M, as shown in Fig 2. x m is measured, u 1~ u s are all unmeasured and the reconciliation period is T (24 hours). Combining Equation (7) and (1), we can get the new steady-state linear model of the process. It is defined as follows
is a matrix depending on a parameter vector θ for which the mathematical expectation 0 θ and the diagonal variance matrix W are assumed to be known. Obviously Equation (8) consists of measured variables and parameters of random scheduling-equations, the unmeasured variables are eliminated.
Gross error detection
The measurement data is in fact subject to random and possibly gross errors. The presence of gross errors will corrupt the reconciliation calculation and spread the errors over all relatively correct data. So detection of the gross errors is of great importance. In this paper, the gross errors are identified and eliminated with the aid of an adaptation of the NT (Nodal test) (Mah, et al., 1976) algorithm.
Assume the mass balance constrains is 0
Where Z r is statistic criterion based on residuals. r is the residuals of balance equations. H r is the covariance matrix of r. The definition of
At 95% confidence level, there is a critical value Z c , if Z r (i)> Z c, it means there could be some gross errors on i node. Based on the structure of measurement network, it can point out which stream data has the gross errors.
Reconciliation algorithm with uncertain models
For mass balance model 0
, its optimal solution can be obtained by applying a reconciliation algorithm with uncertain models (Maquin, et al., 2000) . We conclude the algorithm as the five following steps.
Step 1: let us define a vector of a posteriori residuals 
Step 2: let us define Weighting factor K and initialise.
This constant k 0 will be chosen respectively close to zero or trending towards infinity.
Step 3: for i=1 to n (n is rows of ) (θ M ), the calculus of the ith weighting factor. Auxiliary matrices: 
( )
Weighting factor:
Where M (-i) is equal to the matrix of constraints M from which the ith row m i has been removed and K (-i) is the matrix of the weights from which the ith row and column have been removed.
Step 4: convergence analysis.
If the relative variations of all the weighting factors between two consecutive estimations are greater than a fixed threshold then return to step 3, otherwise stop the algorithm.
Step 5: the estimation Table 5 . The information about the discrete scheduling events on this day is shown in Table 1 . According to the information, we can get the mathematical expectation 0 θ and the diagonal variance matrix W of parameter vector θ , as shown in Table 2 . According to Equations (9)~(13), the statistic criterion Z r are got, as shown in Table 3 . At 95% confidence level, assume the critical value Z c is equal to 30. We can find that the ) i ( Z r of nodes R2, M1 are greater than 30, it means there are gross errors on nodes R2, M1. According to the structure of measurement network, the stream x 11 is the only pipe that connects the node R2 and M1. It can be concluded that the stream data x 11 has the gross errors. Based on mass balance equations, the measured values of x 11 is adjusted from 315.51 to 115.51. The reconciliation results are shown in Table 5 . In order to compare and analysis, the residuals of the model are calculated, as shown in Table 4 . Where R 1 is the residuals of the model before reconciliation, R 2 is the residuals of the model after reconciliation using AspenTech Advisor, R 3 is the residuals of the model after reconciliation using the proposed approach. It can be indicated that the reconciliation results of the proposed approach are more reasonable.
CONCLUSIONS
The conventional steady-state linear data reconciliation is insufficient sometimes, especially when discrete scheduling events are performed in the process industry. In this paper a new approach of data reconciliation for hybrid system is proposed. The information about the scheduling events is taken into account. So the random scheduling-equations are established and added to the models. Then its optimal solution can be obtained by applying a reconciliation algorithm with uncertain models. Before reconciliation, the gross errors are identified and eliminated with the aid of an adaptation of the NT (Nodal test) algorithm. Comparisons between the proposed approach and the AspenTech Advisor are made in the industrial application. The application results demonstrate the efficiency and consistency of the proposed approach. However, the assumptions that the execution time of scheduling events is measured variable whose covariance matrix is known are the limitation of the proposed approach. This problem will be the focus of our future work. 
